Cost rationalization has become imperative in every economic system in order to create adequate foundations for its efficient and sustainable management. Competitiveness in the global market is extremely high and it is challenging to manage business and logistics systems, especially with regards to financial parameters. It is necessary to rationalize costs in all activities and processes. The presence of inventories is inevitability in every logistics system, and it tends to create adequate and symmetrical policies for their efficient and sustainable management. In order to be able to do this, it is necessary to determine which products represent the largest percentage share in the value of procurement, and which are the most represented quantitatively. For this purpose, ABC analysis, which classifies products into three categories, is applied taking into account different constraints. The aim of this paper is to form a new model that involves the integration of ABC analysis, the Full Consistency Method (FUCOM), and a novel Interval Rough Combined Compromise Solution (CoCoSo) for stock management in the storage system. A new IRN Dombi weighted geometric averaging (IRNDWGA) operator is developed to aggregate the initial decision matrix. After grouping the products into three categories A, B and C, it is necessary to identify appropriate suppliers for each category in order to rationalize procurement costs. Financial, logistical, and quality parameters are taken into account. The FUCOM method has been used to determine the significance of these parameters. A new Interval CoCoSo approach is developed to determine the optimal suppliers for each product group. The results obtained have been modeled throughout a multi-phase sensitivity analysis. of sustainability taking into account specific characteristics of an area in which certain research is conducted. Competitiveness in the market is huge and every company has to strive to reduce costs in its internal processes and activities since it is practically the only way to increase its competitiveness. This is also proved by Stojčić et al. [1] stating that in order to achieve a competitive market position, it is necessary to rationalize logistics activities and processes. A warehouse appears as one of the subsystems in which rationalization is possible and which, as a special logistics subsystem besides transportation, represents the biggest cause of logistical costs, and thus there is constant search for potential places for savings in these subsystems. One of the items that is certainly a problem for a large number of companies, whether referring to manufacture or distribution of finished products, is inventory. The goal is to find the optimal amount of inventory in order to control a warehouse in the best way possible and to rationalize the costs the logistics subsystem causes. This is mandatory if we want to achieve balance (symmetry) between production and consumption. For all the reasons given above, this paper examines the storage system from the aspect of stock management. Attention has to be directed towards performing all activities in the storage system in an efficient manner, which, in one way, is warehouse management as defined in [2] . The significance of this system and its management can be seen from the statement given in the above reference that warehouse systems and material handling are basic elements in the flows of goods and link manufacture and consumption points. It is for these reasons that it is important to establish an efficient synchronization of all activities and processes in the storage system, which is primarily achieved through adequate stock management.
Introduction
Managing all activities and processes, whether in engineering or any other area, requires proactive action and a focus on achieving sustainability. It primarily refers to the economic aspect
Methods
This paper introduces a new methodology for stock management in the storage system with the aim of rationalizing costs and creating an adequate stock management model (Figure 1 ). The proposed methodology is implemented throughout three phases. In the first phase, on the basis of procurement costs, the classification of inventory in the storage system is performed using ABC analysis. After grouping the products into Groups A, B, and C, product ordering policies and the time interval for controlling the products are defined. After defining the groups, potential suppliers (different number of suppliers) for each of these groups are considered, i.e., those who are specialized in specific types of products. In this way, the second phase is approached defining the criteria for selecting suppliers and potential alternatives for each group individually. In this phase, the application of FUCOM defines the weight coefficients of the criteria within each of Groups A, B, and C. In the third phase, expert evaluation of alternatives and aggregation of expert decisions into a single decision matrix are conducted. The uncertainties and inaccuracies in expressing expert preferences are represented by the use of interval rough numbers (IRN). The evaluation of alternatives is conducted using the Interval Rough (IR) CoCoSo model. As a result of the IR CoCoSo model, a ranking of suppliers is obtained within each Group, A, B, and C. In the next step, validation of the obtained results and making the final decision are carried out within a sensitivity analysis of the results. In addition to the model being described in detail, it is important to highlight again the completely new elements of the model: The Interval Rough (IR) Combined Compromise Solution (CoCoSo) model and the IRN Dombi weighted geometric averaging (IRNDWGA) operator.
ABC Analysis
One of the most frequently used inventory classification techniques is ABC analysis [9, 14] . During the last decades, many companies have taken seriously the task of managing the inventory efficiently because of the surplus of stock and the need to make more profits for their financial and logistical well-being. For this purpose, the ABC classification is one of the most frequently used analyses in production and inventory management domains, in order to classify a set of items in the three predefined classes A, B, and C, where each class follows a specific management and control policies [12] . Efficient inventory classification is a vital activity for companies that handle large quantities of inventory.
Considering all of the above, it can be concluded that ABC analysis is, in one way, indispensable in the creation of inventory management models, but not sufficient. This is confirmed by the study [14] stating that ABC analysis is one of the most frequently used inventory classification techniques, but this technique considers only a single criterion as the annual sales volume of each item. Therefore, different approaches are developed depending on a case study in which different techniques are integrated, as is the case in this paper.
ABC analysis is a stochastic method. It is very simple, and that is the reason why it is widely used in the field of material and commodity business. ABC analysis aims to maximize costeffectiveness and productivity and increase business success and economy. It is used in companies that have a wide range of products. The purpose of using this analysis is to establish a functional control and management system within the procurement and warehousing business, and thus the possibility of achieving greater cost-effectiveness of the company. ABC analysis is based on the most In addition to the model being described in detail, it is important to highlight again the completely new elements of the model: The Interval Rough (IR) Combined Compromise Solution (CoCoSo) model and the IRN Dombi weighted geometric averaging (IRNDWGA) operator.
ABC analysis is a stochastic method. It is very simple, and that is the reason why it is widely used in the field of material and commodity business. ABC analysis aims to maximize cost-effectiveness and productivity and increase business success and economy. It is used in companies that have a wide range of products. The purpose of using this analysis is to establish a functional control and management system within the procurement and warehousing business, and thus the possibility of Symmetry 2019, 11, 1527 6 of 29 achieving greater cost-effectiveness of the company. ABC analysis is based on the most important products that are of greatest benefit, i.e., they bring in the most revenue. The process of conducting ABC analysis can be described in three phases. The first phase is collecting data on annual requirements or material consumption by types over a certain period, usually one year. After that, the values of requirements/consumption are calculated by multiplying the quantities of individual materials by their planned or average purchase prices. Then, the materials are sorted in descending order by the values of annual requirements/consumption, the percentage share of the value of individual materials in the total value of annual requirements/consumption is calculated and the percentage shares are cumulated. A comparison of the cumulative percentages of the annual requirements/consumption and the percentages of the number of types is performed to determine Groups A, B, and C, and for each product the group it belongs to.
The cost share of the total procurement value should comply with the constraint represented by Equation (1).
The share in the total number (quantity) of different types of products should comply with the constraint represented by Equation (2).
The third constraint implies that there are most products of C, followed by B and least products of A, which is shown in Equation (3).
Full Consistency Method FUCOM
One of the new methods that is based on the principles of pairwise comparison and validation of results through deviation from maximum consistency is the full consistency method (FUCOM) [29] . Benefits that are determinative for the application of FUCOM are a small number of pairwise comparisons of criteria (only n−1 comparison), the ability to validate the results by defining the deviation from maximum consistency (DMC) of comparison, and appreciating transitivity in pairwise comparisons of criteria. The FUCOM model also has a subjective influence of a decision-maker on the final values of the weights of criteria. This particularly refers to the first and second steps of FUCOM in which decision-makers rank the criteria according to their personal preferences and perform pairwise comparisons of ranked criteria. However, unlike other subjective models, FUCOM has shown minor deviations in the obtained values of the weights of criteria from optimal values [29] [30] [31] [32] [33] . Additionally, the methodological procedure of FUCOM eliminates the problem of redundancy of pairwise comparisons of criteria, which exists in some subjective models for determining the weights of criteria.
Assume that there are n evaluation criteria in a multi-criteria model that are designated as wj, j = 1, 2,..., n, and that their weight coefficients need to be determined. Subjective models for determining weights based on pairwise comparison of criteria require a decision-maker to determine the degree of impact of the criterion i on the criterion j. In accordance with the defined settings, Figure 2 presents the FUCOM algorithm [34] . 
A New MCDM Model-Interval Rough CoCoSo Approach
The process of group decision-making is accompanied by a great amount of uncertainty and subjectivity, so decision-makers often have dilemmas when assigning certain values to decision attributes [34] . Suppose that one decision attribute should be assigned a value presented by a qualitative scale whose values range from 1 to 7. One decision-maker (DM) may consider that the decision attribute should have a value between 5 and 6, another DM may consider that a value between 4 and 5 should be assigned, while the third DM has no dilemma about the value of the decision attribute and assigns a value of 5. The dilemmas presented are extremely common in a group decision-making process. In such situations, one of the solutions is to geometrically average two values between which individual decision-makers are in doubt. However, in such situations, the uncertainty (ambiguity) that prevailed in a decision-making process would be lost and further calculation would be reduced to crisp values. On the other hand, the use of fuzzy [35, 36] or grey techniques would entail predicting the existence of uncertainty and subjectively defining the interval by which uncertainty is exploited. Subjectively defined intervals in further data processing can significantly influence the final decision, which should definitely be avoided if we aim at impartial decision-making. On the contrary, the approach based on interval rough numbers includes exploiting the uncertainty that exists in the data obtained [34] .
In this paper, a new approach in the theory of rough sets, a CoCoSo approach based on Interval Rough Numbers (IRN), is proposed to process the uncertainty contained in data in group decisionmaking. The crisp CoCoSo method was developed in 2018 by Yazdani et al. [37] .
The Interval Rough CoCoSo approach consists of seven steps, which are explained below.
Step 1. Forming the initial decision-making matrix (X). In the first step, it is needed to perform the evaluation of l alternatives by n criteria. The procedure for obtaining the basic decision-making matrix (X) is the same as in other MCDM 
In this paper, a new approach in the theory of rough sets, a CoCoSo approach based on Interval Rough Numbers (IRN), is proposed to process the uncertainty contained in data in group decision-making. The crisp CoCoSo method was developed in 2018 by Yazdani et al. [37] .
Step 1. Forming the initial decision-making matrix (X). In the first step, it is needed to perform the evaluation of l alternatives by n criteria. The procedure for obtaining the basic decision-making matrix (X) is the same as in other MCDM approaches. In this approach interval rough numbers are applied as input parameters. Advantages of application Interval Rough Numbers (IRN) are presented in [34] .
Based on Equations (1)-(13) from [34] , we determine the vectors
represents the value of alternative i by criteria j (i = 1, 2, . . . , l; j = 1, 2, . . . , n).
where l represents the number of alternatives, n represents the number of criteria. The initial (aggregated) decision matrix can be obtained using some of IRN operators.
Step 2. Normalization of the initial interval rough group matrix using Equations (5)-(9)
where IR(n ij ) represents the elements of the interval rough normalized matrix (N).
(a) For "benefit type" criteria (maximum value of criteria is preferable)
(b) For "cost type" criteria (minimum value of criteria is preferable)
where x − i and x + i represent the minimum and maximum values of the rough boundary interval of the observed criteria, respectively:
Step 3: Weighting the previous normalized interval rough matrix using Equation (10):
IR(w j ) represents the weight coefficients of criteria.
Step 4: Summing all the values of the alternatives obtained (summing by rows) using Equation (11):
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Step 5. Determination of the weighted sum model using Equations (12) and (13):
Step 6. Determination of aggregated strategies. In this step, three aggregated appraisal scores are used to generate relative performance scores of the alternatives, using Equations (14)-(17):
First, it is required to calculate the sum of matrices IR(S i ) and IR(SW i ). In this way, the matrix IR(T i ) is obtained by applying Equation (14)
Subsequently, all values by columns are summed and the matrix IR(T i ) 1×1 is obtained.
Equation (15) represents the arithmetic mean of sums of IR(S i ) and IR(SW i ) scores, while Equation (16) signifies the sum of relative scores of IR(S i ) and IR(SW i ). Equation (17) computes a balanced compromise score of IR(S i ) and IR(SW i ) models. In Equation (17) , the value of λ ranges from 0 to 1 and can be chosen by the decision-maker.
Step 7: The final ranking of the alternatives is determined based on k i values: Higher k i values indicate better position of the alternatives in the ranking pre-order.
The ranking of alternatives is performed by transformation of the interval rough numbers
, applying Equations (19) and (20) from [38] .
where RB(K ui ) and RB(K li ) represents the rough boundary intervals of IRN(K i ).
Case Study
The proposed model, which is shown and explained in detail in Figure 1 , was implemented in a company engaged in trading activities and its own production of building materials. It is located in the territory of Bosnia and Herzegovina. It is important to note that in the recent past, the company has also introduced the production of eco-pellets, which indicates that it is trying to take care of sustainability aspects as well.
Application of ABC Analysis for Product Classification
The input parameters for ABC analysis are the parameters obtained from the procurement report at the retail facility of the company where the research was conducted. The data collected cover one calendar year, i.e., the complete period of the previous year. Product characteristics are systematized by: Product code, product name, quantity of products purchased, purchase value per unit of product, and total value of procurement. Based on the financial parameters, ABC analysis has been carried out, part of which is shown in Table 1 . The product assortment for the observed annual period is a total of 83 products. After ABC analysis, complying with the constraints presented by Equations (1)-(3), the results given in Figure 3 are obtained. Figure 3 shows the number of products per groups, the percentage share of the number of products, and the percentage share of the costs. Based on the results obtained, the following can be observed. Group A consists of eight products, i.e., 9.6% of the total number of products, which certainly represents the smallest number of classified groups, but with the highest value. Therefore, Figure 3 shows the number of products per groups, the percentage share of the number of products, and the percentage share of the costs. Based on the results obtained, the following can be observed. Group A consists of eight products, i.e., 9.6% of the total number of products, which certainly represents the smallest number of classified groups, but with the highest value. Therefore, these products represent a total of 75.3% of procurement costs since they are products with higher value or higher demand. There are 26 products classified in Group B, which is 31.3% of the total number of products. In respect of financial structure, i.e., the costs of this product category, they are 19.5%, while Group C products account for 5.12% of the cost structure but represent the largest part of the products in percentage and numerical terms; 59% and 49%, respectively. Group A consists of products that are of highest priority for the company. There is a high need for these products, and they have a high value, so they need special attention. It is reflected in more frequent and rigorous control, thorough preparation of procurement activities and the creation of partnerships with potential suppliers. Considering the products that belong to Group B, it is necessary to pay almost as much attention as to the previous group, with some minor changes. This group of products needs to be controlled less frequently; two to three times a year. Group C includes the large number in the total number of products, but they are of very low values. For this group of products, the procurement processes should be simplified as much as possible and higher amount of security stock should be kept. Most commonly, the orders cover the annual requirements, so the control mostly takes place once a year.
Calculation of the Criterion Weights Applying the FUCOM Method
The criteria used to evaluate the suppliers within each group are: C1-Payment method (max), C2-Financial stability (max), C3-Product price (min), C4-Delivery time (min), C5-Reliability (max), C6-Flexibility (max), C7-Product quality (max), C8-Warranty period (max) and C9-Reputation (max). Three of these criteria belong to financial criteria, logistic parameters, and quality indicators, respectively. After performing the calculation and applying all the steps of the FUCOM method, the vectors of weight coefficients within each of the groups are defined, as shown in Figure 4 . Figure 4 shows the values of all the criteria for suppliers to be evaluated within the three groups. Considering the results of ABC analysis and the types of products belonging to different groups, the results are as follows: Figure 4 shows the values of all the criteria for suppliers to be evaluated within the three groups. Considering the results of ABC analysis and the types of products belonging to different groups, the results are as follows: 
Evaluation of Suppliers Applying the Interval Rough CoCoSo Model
The final values of the weight coefficients obtained by the FUCOM model are further used to evaluate and select the optimal alternative (supplier) in the IR CoCoSo multi-criteria model. The evaluation of suppliers is performed within the three groups defined in ABC analysis. Eight suppliers are evaluated in Group A, six suppliers are considered in Group B, while nine suppliers are analyzed in Group C. The suppliers are evaluated within each group on the basis of the nine criteria previously presented. Applying the IR CoCoSo model within each group, a rank of suppliers is defined. The alternatives are evaluated using the linguistic scale: Very good (VG), 9; Good (G), 7; Medium (M), 5; Fair (F), 3; and Poor (P), 1.
In the research, three experts took part and evaluated the suppliers using the predefined scale. Thus, three correspondent expert matrices were obtained within each group of suppliers, one for each expert, respectively ( Table 2) .
Step 1. The initial (aggregated) decision matrix (Table 3) is obtained using the IRN Dombi weighted geometric averaging (IRNDWGA) operator, Equation (A2). IRNDWGA is derived from the rough Dombi weighted geometric averaging operator presented in [39] and given in Appendix A.
Applying Equation (A2), the experts' individual IRN matrices are transformed into an aggregated IRN initial decision matrix. Thus, e.g., at position A1-C1 (Supplier Group A), the following values in expert correspondent matrices are obtained:
. As mentioned in the previous part of the paper, three experts participated in the study and were assigned the following weight coefficients w E = (0.299, 0.328, 0.373) T . Based on the values shown in Equation (A2) and assuming that ρ = 1 is at position A1-C1, the aggregation of values is performed, as follows: Table 3 ). The aggregation of the residual values from Table 3 is performed (using Equation (A2)) in a similar way. Step 2: In this step, using Equations (6) and (7), the initial decision matrix is modified, and a normalized matrix is formed (Table 4 ). Step 3: In this step, Equation (10) is applied in order to perform the weighting of the previously obtained matrix with the criterion values identified by using the FUCOM method. An example of the calculation of this matrix shown in Table 5 is as follows: Step 4 and 5. The following section presents the weighted IR sequences, IR(S i ) and IR(SW i ), which are further used to compare the alternatives. The sequences IR(S i ) and IR(SW i ) are obtained using Equations (11)- (13) and are shown in Table 6 .
The sequence IR(S i ) for the first alternative for Group A is obtained as follows: Step 6: Applying Equations (14)- (17), the relative significance of the alternatives is obtained within the aggregation strategies. When calculating the relative significance of alternatives within the third aggregation strategy, the value of the coefficient λ is taken as 0.5. The effect of changing the coefficient λ (0 ≤ λ ≤ 1) on the change in the relative significance of alternatives has been considered in the discussion of the results. The relative significance of the alternatives within the integration strategies, as well as the final ranking of alternatives by Groups A, B, and C, is shown in Table 7 .
First, it is required to calculate the sum of matrices IR(S i ) and IR(SW i ). In this way, the matrix IR(T i ) is obtained by applying Equation (14) . 8.76, 8.64, 9.36 7.39, 8.96, 8.93, 9.66 7.63, 9.24, 9.25, 9.85 6.46, 8.84, 8.85, 9.36 7.01, 8.92, 8.70, 9.50 7.69, 8.96, 8.67, 9.40 6.99, 8.76, 8.86, 9.48 5.71, 8.89, 8.00, 9.40 
Applying Equation (15), the first aggregation strategy is obtained: Applying Equation (17), the third aggregation strategy is obtained: First, the following matrix is calculated: 
whose elements are obtained as follows: 
After that, the following matrix is calculated: 
The alternatives are ranked based on the value of k, whereby it is preferable that the alternative has a value of k as high as possible. Based on the values obtained, it can be concluded that the initial ranking of suppliers using the FUCOM-IR CoCoSo model is; Group A: A3 > A2 > A5 > A6 > A4 > A8 > A7 > A1, Group B: A2 > A4 > A5 > A3 > A6 > A1, and Group C: A7 > A2 > A1 > A3 > A4 > A9 > A8 > A5 > A6.
Validation of the Results through Sensitivity Analysis
In the following part, the results presented in the previous section are validated through sensitivity analysis. Validation was performed throughout three phases. In the first phase, the impact of changing the parameters λ and ρ on the ranking results was analyzed. In the second phase, the impact of changing the most significant criterion on the ranking results was performed. In the third phase, the results of the FUCOM-IRN CoCoSo model were compared with the results of other multi-criteria techniques.
In the earlier research [39] , it is shown that changes in the parameter ρ lead to the transformation of Dombi functions, and thus to the change in the values of the functions. The impact of the parameters ρ on the results of the functions can be significant. It is therefore a logical step to check the impact of the parameters ρ on the final ranking results when validating the results. An analysis of the change in the value of the parameter ρ was performed throughout a total of 100 scenarios, where the change of the parameter ρ was analyzed in the interval ρ ∈ [1, 100]. The change in the parameter ρ in the interval ρ ∈ [1, 100] was analyzed in each of the considered groups of suppliers (Group A, B, and C). The results of the impact of the parameter ρ on changes in the values of the criterion functions of alternatives are shown in Figure 5 . criteria techniques.
In the earlier research [39] , it is shown that changes in the parameter ρ lead to the transformation of Dombi functions, and thus to the change in the values of the functions. The impact of the parameters ρ on the results of the functions can be significant. It is therefore a logical step to check the impact of the parameters ρ on the final ranking results when validating the results. An analysis of the change in the value of the parameter ρ was performed throughout a total of 100 scenarios, where the change of the parameter ρ was analyzed in the interval Generally, increasing the value of the parameter ρ, the process of calculating the IRN Dombi functions is becoming more complex. Decision-makers most often choose the value of this parameter in accordance with their preferences. When making decisions in real systems and in real time, it is recommended that value one is taken for the value of ρ. The parameter value ρ = 1 simplifies the decision-making process. Figure 5 shows that when the parameter ρ has different values, the ranking positions of the considered alternatives in Group B remain the same. In Group A, the parameter values of the sixth-ranked and seventh-ranked alternatives (A7 and A8) have swapped places, while, for the remaining values of the parameter ρ, the initial ranking from Table 7 has been confirmed. At the same time, the rankings of the remaining alternatives are unchanged. It is similar in Group C of suppliers. For parameter values ρ > 1, the fourth-ranked and fifth-ranked alternatives (A1 and A4) have swapped places, while the rankings of the remaining alternatives are unchanged. This means that there is a satisfactory advantage between the most influential alternatives and that the alternatives A3 and A2 (Group A), A2 and A4 (Group B), and A7 and A2 (Group C) stand out as dominant in the considered set. Thus, changes in the value of the parameter ρ have an impact on the change in the value of the criterion functions of the alternatives, but these changes are insufficient to cause major changes in the ranks.
In the following part, the impact of changing the parameter λ on the rankings of alternatives is discussed. Throughout 100 scenarios, the analysis of the impact of the coefficient λ value on the change of the criterion functions and the rankings of the alternatives have been analyzed. In the initial scenario (S1), the value of λ = 0.01 has been considered. In each subsequent scenario, the value of λ is increased by the value of 0.01. Thus, a total of 100 scenarios have been formed. The results show that the parameter λ does not affect changes in the value of the criterion functions, and nor the supplier ranks. It should be emphasized that this only applies to the example discussed in this paper. For other values of the alternatives in the initial decision matrix, the impact of the parameter λ may influence the change in the result. Therefore, such an analysis should be an indispensable step in checking the stability of proposed ranks.
In the second phase of result validation, i.e., sensitivity analysis, an analysis of the impact of changing the most significant criterion (C1) on the ranking results by supplier groups has been performed. Based on the recommendations given in [40] [41] [42] , a total of 20 scenarios are formed applying Equation (21), [41] .
where W nβ represents the corrected value of criteria C2-C9, W nα represents the impaired value of the C1 criterion, W β represents the original value of the considered criterion, and W n represents the original value of the C1 criterion.
In the first scenario, the value of the C1 criterion was reduced by 2%, while the values of the remaining criteria were proportionally corrected using Equation (21) . In each subsequent scenario, the value of the C1 criterion was reduced by 5% while the values of the remaining criteria were adjusted to meet the condition n j=1 w j = 1. After the formation of new 20 vectors of the weight coefficients of the criteria for each supplier group, new supplier ranks were obtained ( Figure 6 ). Symmetry 2020, 12, x FOR PEER REVIEW 25 of 32 Figure 6 . The impact of changing the C1 criterion on the rank of suppliers.
Analyzing the data from sensitivity analysis ( Figure 6 ), we can conclude the following:
(1) Group A: Changes in the values of the most significant criterion C1 lead to the changes in the ranks of alternatives A1, A2, A4, A6, A7, and A8. The first-ranked alternative A3 and the fourthranked alternative A5 have maintained their positions across all 20 scenarios. Thus, we can conclude that the alternative A3 stands out as the best and has a sufficient advantage over the remaining alternatives. In addition, rank correlation analysis using Spearman's correlation coefficient has confirmed that the rank changes of the above alternatives are minimal since the average value of the Group A correlation coefficient is 0.88. This value of the correlation coefficient shows that there is a high correlation of the obtained ranks with the initial rank from Table 3 , i.e., the changes in the ranks are minimal. Thus, we can conclude that the rank obtained is confirmed and credible. (2) Group B: From Figure 6 , we can see that changes in the value of criterion C1 lead to a change in the rank of the fourth-ranked and fifth-ranked alternatives, A3 and A6. The remaining alternatives have maintained their positions throughout all 20 scenarios. This shows us that alternatives A2 and A4 stand out as the best alternatives that have a sufficient advantage over the other alternatives. As with Group A, there is a high rank correlation here as well, which is Analyzing the data from sensitivity analysis ( Figure 6 ), we can conclude the following:
(1) Group A: Changes in the values of the most significant criterion C1 lead to the changes in the ranks of alternatives A1, A2, A4, A6, A7, and A8. The first-ranked alternative A3 and the fourth-ranked alternative A5 have maintained their positions across all 20 scenarios. Thus, we can conclude that the alternative A3 stands out as the best and has a sufficient advantage over the remaining alternatives. In addition, rank correlation analysis using Spearman's correlation coefficient has confirmed that the rank changes of the above alternatives are minimal since the average value of the Group A correlation coefficient is 0.88. This value of the correlation coefficient shows that there is a high correlation of the obtained ranks with the initial rank from Table 3 , i.e., the changes in the ranks are minimal. Thus, we can conclude that the rank obtained is confirmed and credible. (2) Group B: From Figure 6 , we can see that changes in the value of criterion C1 lead to a change in the rank of the fourth-ranked and fifth-ranked alternatives, A3 and A6. The remaining alternatives have maintained their positions throughout all 20 scenarios. This shows us that alternatives A2 and A4 stand out as the best alternatives that have a sufficient advantage over the other alternatives. As with Group A, there is a high rank correlation here as well, which is confirmed by the mean of correlation coefficient in Group B (Group B = 0.97) which is extremely high. (3) Group C: Changes in the values of the C1 criterion in 20 scenarios lead to a change in the ranks of alternatives A2, A1, A3, and A4. At the same time, the remaining alternatives A7, A9, A8, A5, and A6 have maintained their rankings across all 20 scenarios. The best-ranked alternative A7 has remained the best-ranked alternative in all 20 scenarios, and we can conclude that the A7 alternative has a sufficient advantage over the remaining alternatives. The Spearman's correlation coefficient (Group C = 0.91) shows that there is a high correlation between the obtained ranks and the initial rank from Table 7 , which leads us to the conclusion that the rank obtained is confirmed and credible.
In the third phase, the rankings of the IRN CoCoSo models were compared with the results of other multi-criteria techniques: IRN WASPAS [43, 44] , IRN MABAC [43] , and IRN MAIRCA [41] . The results of the ranking when applying the above multi-criteria techniques are shown in Figure 7 . confirmed by the mean of correlation coefficient in Group B (Group B = 0.97) which is extremely high. (3) Group C: Changes in the values of the C1 criterion in 20 scenarios lead to a change in the ranks of alternatives A2, A1, A3, and A4. At the same time, the remaining alternatives A7, A9, A8, A5, and A6 have maintained their rankings across all 20 scenarios. The best-ranked alternative A7 has remained the best-ranked alternative in all 20 scenarios, and we can conclude that the A7 alternative has a sufficient advantage over the remaining alternatives. The Spearman's correlation coefficient (Group C = 0.91) shows that there is a high correlation between the obtained ranks and the initial rank from Table 7 , which leads us to the conclusion that the rank obtained is confirmed and credible.
In the third phase, the rankings of the IRN CoCoSo models were compared with the results of other multi-criteria techniques: IRN WASPAS [43, 44] , IRN MABAC [43] , and IRN MAIRCA [41] . The results of the ranking when applying the above multi-criteria techniques are shown in Figure 7 . The ranking results show that all multi-criteria models for Group B and Group C confirm the rankings of the first-ranked alternatives, A2 and A4 (Group B) and A7 and A2 (Group C). With Group A, by all multi-criteria techniques, the two best-ranked alternatives are A3 and A2. In all models, A3 is the best-ranked, while A2 is the second-ranked alternative according to IRN CoCoSo, IRN MABAC and IRN MAIRCA models. Only according to the IRN WASPAS model, the alternative A2 is third-ranked. Based on the above comparisons for Group A, we can identify a set of alternatives {A3, A2} as the most dominant and having a significant advantage over the remaining alternatives. In addition, since the A3 alternative is first-ranked in all the models, we can conclude that the A3 alternative dominates A2 and the remaining alternatives in Group A. Based on the results presented, it can be concluded that the rank suggested by the IR CoCoSo model has been confirmed.
Conclusions
In this paper, a new multi-parameter model for stock management in the storage system and cost rationalization related to the activities and processes that take place in the storage system has been formed. Multiple techniques have been integrated in order to obtain a unique model that provides good results and helps to run an efficient and sustainable business. First, on the basis of the data collected on an annual basis, the products were classified according to ABC analysis, taking into account the cost values of the procurement, which was a prerequisite for its completion. The purpose of using this analysis is to establish a functional control and management system within the procurement and warehousing business, and thus creating the possibility of achieving greater economy of the company.
Subsequently, each group of products was individually examined, a list of potential suppliers was formed for each group separately and criteria that would be used for the evaluation of alternatives were determined. The FUCOM method was applied to determine the weights of nine criteria. The criteria were evaluated separately for each group and therefore their values were different. Since it was a group decision-making, the initial matrix was obtained by applying the IRN Dombi weighted geometric averaging (IRNDWGA) operator. Then, the IR CoCoSo approach was used for the evaluation of suppliers for all product groups A, B and C.
To determine the validity of the results obtained, an extensive sensitivity analysis was performed throughout several phases. The first phase involved changing the parameter ρ in the IRNDWGA operator, from which it was concluded that there was a satisfactory advantage among the most influential alternatives. This means that changes in the value of the parameter ρ affected the changes in the value of the criterion functions of the alternatives, but the changes were not sufficient to cause major changes in ranks. Subsequently, a total of 100 scenarios were formed which implied a change in the value of the parameter λ, which in no scenario influenced the change of ranks. Then, 20 scenarios were formed in which the analysis of the impact of changing the most significant criterion was performed, which influenced the changes of ranks, but not to a great extent. Additionally, it is important to note here that the first-ranked alternatives for all product categories remained in their positions. In addition to all the above, there was a comparison with other Interval Rough Number MCDM approaches: IRN MAIRCA (MultiAtributive Ideal-Real Comparative Analysis), IRN MABAC (Multi-Attributive Border Approximation area Comparison) and IRN WASPAS (Weighted Aggregated Sum Product ASsessment), which also confirmed the validity of the proposed methodology in this paper. Spearman's correlation coefficient was also calculated, showing a very high correlation of ranks.
The concluding considerations move towards highlighting the contributions of this research, and they are as follows. A unique multi-parameter model has been created to assist in adequate and efficient management of the storage system, while respecting financial parameters that are crucial to achieve sustainability in any business today. A new IRNDWGA operator has been developed to average the initial matrix, which in future research can be applied to any problem in group decision-making based on interval rough numbers. A new IR CoCoSo approach, which can also be applied to such and similar models in the future, has been developed. Stock management policies have been defined in accordance with individual product categories A, B, and C.
In addition to the suggestions for future research that are outlined through contribution highlighting, the following directions can be emphasized too. Since it is necessary to perform ABC analysis at regular intervals constantly, it can be implemented in combination with XYZ analysis [45] , so that their cross-analysis would produce new results. The integration of such approaches with MCDM methods and theories of uncertainty are surely possible continuations of this research. 
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Appendix A
Based on arithmetic operations with interval rough numbers [46] and rough Dombi T-norm and T-conorm [39] , the IRN Dombi weighted geometric averaging (IRNDWGA) operator is derived.
, ϕ uj , ( j = 1, 2, . . . , n), be the set of interval rough numbers (IRNs) in R, and w j ∈ [0, 1] represents the weight coefficient of IRN(ϕ j ),( j = 1, 2, . . . , n), which fulfills the requirement that n j=1 w j = 1. Then the IRNDWGA operator can be defined as follows:
, ϕ uj , ( j = 1, 2, . . . , n), be the set of IRNs in R, then the aggregated values of interval rough numbers from the set R can be determined by using Equation (A1). The aggregated IRN values are obtained by using Equation (A2).
where w j ∈ [0, 1] represent weight coefficients of RN(ϕ j ),j = 1, 2, . . . , n, which fulfill the requirement Proof. If n = 2, based on Dombi operations with IRN, we obtain the following equation:
If n = r, based on Equation (A2), we obtain the following equation:
IRNDWGA IRN(ϕ 1 ), IRN(ϕ 2 ), . . . , IRN(ϕ r ) =
If n = r + 1, we obtain the following equation:
IRNDWGA IRN(ϕ 1 ), IRN(ϕ 2 ), . . . , IRN(ϕ r )
We can conclude that Theorem A1 is true for n = r + 1, then Equation (A2) is valid for all n.
